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Enhancing Elementary Flux Modes Analysis
Using Filtering Techniques in an Integrated
Environment
Paulo Maia, Marcellinus Pont, Jean-François Tomb, Isabel Rocha,
and Miguel Rocha
Abstract. Elementary Flux Modes (EFMs) have been claimed as one of the most
promising approaches for pathway analysis. These are a set of vectors that emerge
from the stoichiometric matrix of a biochemical network through the use of convex
analysis. The computation of all EFMs of a given network is an NP-hard problem
and existing algorithms do not scale well. Moreover, the analysis of results is diffi-
cult given the thousands or millions of possible modes generated. In this work, we
propose a new plugin, running on top of the OptFlux Metabolic Engineering work-
bench, whose aims are to ease the analysis of these results and explore synergies
among EFM analysis, phenotype simulation and strain optimization.
1 Introduction
Over the last few years, a growing number of genome-scale metabolic models for
different organisms have been reconstructed, based on the information contained in
their annotated sequenced genomes, on the application of Bioinformatics tools and
on physiological data. Given the major difficulties in obtaining the kinetic param-
eters for the whole set of reactions and also in reaching reliable regulatory infor-
mation, most methods rely on the analysis of the network stoichiometry, using a
constraint-based approach to reach some conclusions and to achieve the phenotypic
simulation of the system.
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Metabolic models and stoichiometric network analysis have been successfully
used to address tasks such as assessing the network’s capabilities (e.g. determin-
ing maximal product yields), network design (e.g. studying the effects of adding/
removing reactions), analysis of functional pathways, analysis of network consis-
tency, flexibility or robustness, among others [13]. One of the major application
fields of stoichiometric network analysis has been Metabolic Engineering (ME), a
field that deals with designing organisms with enhanced capabilities regarding the
productivities of desired compounds [12]. Recently, we have developed OptFlux
[6], a new computational platform for ME, based on stoichiometric network anal-
ysis and constraint-based approaches. The platform implements the major methods
related to phenotypical simulation using steady state approaches, such as Flux Bal-
ance Analysis (FBA) [3], where a flux distribution that obeys the constraints and
maximizes a pre-defined biomass flux is obtained. Also, the platform provides al-
gorithms for strain optimization (e.g. identifying the set of reactions to delete from
a model in order to maximize a given objective function).
In contrast to this approach, and though also based on stoichiometric network
analysis, the field of Pathway Analysis (PA) characterizes the complete space of
admissible flux distributions. PA allows the analysis of meaningful routes involved
in metabolic networks. In the recent past, two closely related approaches were de-
veloped; namely, Elementary Flux Modes (EFMs) [8] and Extreme Pathways (EPs)
[7]. Both approaches aim to dissect metabolic networks into basic functional units
and provide means to understand their behavior.
Given the importance of PA within the stoichiometric analysis framework, this
paper reports on the development of a software tool that addresses the major tasks
within PA. This tool is developed within the OptFlux project as a new plug-in. The
main aims of this work are (i) to enhance the ME capabilities of the OptFlux plat-
form using EFM analysis and (ii) to provide a graphical user interface to one of the
most effective libraries in the computation of EFMs.
2 Elementary Modes
In this paper, we will use a purely structural analysis of biochemical networks,
where the network is represented by: q internal compounds (metabolites), m re-
actions and a stoichiometric matrix N with dimensions q×m. The rows of N corre-
spond to the compounds, while the columns represent reactions; the elements of the
matrix in row i and column j represent the stoichiometric coefficient of compound
i in reaction j. The framework also allows the definition of external metabolites,
thought to be sinks or sources, which lie outside the system. Also, reactions are de-
fined to be reversible or irreversible. Figure 1 provides a simple example extracted
from [13] with 6 internal metabolites and 10 reactions; also, this network has 4
external metabolites.
In a steady-state situation, the mass-balance in the network can be represented by
the equation:
Nv = 0 (1)
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Fig. 1 The simple network used in this case study. N : q × m is the stoichiomet-
ric matrix where each row corresponds to one species and each column to one of
the reactions. The reversibility information is given by rev = {R2,R8} and irrev =
{R1,R3,R4,R5,R6,R7,R9,R10}, where rev is the set of reversible reactions and irrev is
the set of irreversible ones. Also notice that rev∩ irrev = /0
where v is a vector with the fluxes through the set of reactions. Irreversible reactions
are represented by including constraints in the form:
vi ≥ 0 (2)
The set of all flux vectors that obey the constraints imposed by equations 1 and 2
represent a convex polyhedral cone or a flux cone in stoichiometric studies.
In this context, Elementary Flux Modes (EFMs) are flux vectors composed of q
elements (e1,e2, . . . ,eq), that fulfill the following conditions [8]:
1. Pseudo steady state: Ne = 0, i.e. all EFMs obey equation 1;
2. Feasibility: all irreversible reactions proceed in the forward direction, i.e. ei ≥ 0
if reaction i is irreversible (equation 2);
3. Non-decomposability: EFMs represent the minimal functional units in the net-
work, therefore no reaction can be deleted from an EFM while maintaing a valid
flux distribution (that satisfies equations 1 and 2)
This definition imposes the following important properties: (i) there is a unique set
of EFMs for a given network; (ii) all feasible steady state flux distributions (that
satisfy equations 1 and 2) are a nonnegative superposition of the set of EFMs in the
network; (iii) when removing a reaction from the network, the set of EFMs for the
new network is equal to the one for the original network but removing all EFMs that
include the reaction that was deleted.
Extreme Pathways (EPs) are closely related to EFMs. They are a subset of the
EFMs calculated over a reformulated network. Given the similarity of the two con-
cepts, EPs will not be further addressed in this paper nor in the current version of
the plug-in.
EFMs are a very useful tool for the analysis of a metabolic network, since they
provide the portfolio of all elementary functional units. Thus, EFM analysis can be
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used, among others, in the following tasks: (i) identify all routes (pathways) that
convert a substrate into a given product and also identify the ones with maximal
yield; (ii) identify the importance of reactions in a given context and the corre-
lated reactions; (iii) predict the effect of reaction deletions and viability of resultant
mutants.
Since the number of EFMs grows exponentially with the network size, the com-
putation of the whole set of EFMs for a metabolic network is a very hard problem.
Several algorithms have been proposed to calculate EFMs (or EPs). They are mostly
based on approaches that solve the equivalent problem of extreme ray enumeration
from computational geometry. The developed algorithms that solve this problem are
typically based on the double description method and can be grouped into two major
approaches: the canonical basis approach [8] and the nullspace approach [16], which
introduced simplifications in the algorithm and lead to an improved performance.
To further boost the performance, binary vectors were proposed [1] to store the
processed reactions in each EFM, reducing memory demands and facilitating set
operations. Also, rank computations were introduced to test elementarity in a di-
vide and conquer strategy. Finally, Terzer and Stelling [14] introduced bit pattern
trees to index subsets during elementarity testing and also the concept of candidate
narrowing using a recursive enumeration approach.
When discussing software tools for EFM calculation, the METATOOL applica-
tion is a reference [15]. METATOOL was developed in MatLab and has been quite
popular since its first version in 1998. It is also included in other more compre-
hensive packages such as YANASquare [9] or CellNetAnalyzer [5]. More recently,
the EFMTool was developed [14] using the Java language (but including a wrapper
allowing it to run over MatLab). This is a library that implements a very efficient
algorithm for EFM enumeration. This most effective approach is currently available
through a command line interface. A major objective of our work is to provide a
graphical user interface to enable easy access to the EFMTool.
3 Efm4Optflux – An EMA Plugin for the OptFlux Workbench
The need for a rational approach to analyze results generated by the EFM calcula-
tion algorithms was the driver behind the creation of a plug-in within the OptFlux
ME platform. OptFlux is a freely available open-source software. It was developed
in a modular fashion to facilitate the addition of new features (plug-in based archi-
tecture), it is compatible with the Systems Biology Markup Language (SBML) [2]
and the layout information of Cell Designer [4]).
In the current version (2.0), the software accommodates several tools that have
been developed for the analysis of metabolic models. It incorporates methods for
phenotype simulation, such as Flux Balance Analysis, Minimization of Metabolic
Adjustment [10] and Regulatory on/off minimization of metabolic flux changes
[11], as well as strain optimization algorithms, such as Evolutionary Algorithms
and Simulated Annealing. It also packages a suitable model visualization tool.
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In this work, we present an extension to OptFlux, a plug-in that provides graphi-
cal access to the EFMTool calculation and analysis capabilities. The plugin delivers
several interesting characteristics such as a simple graphical user interface (GUI)
and state-of-the-art EFM calculation. It also allows filtering of the results based on
an intuitive form, allowing the definition of patterns with presence/absence of ex-
ternal metabolites. The organization of the filtered results is done by grouping the
EFMs with unique net conversions.
After the calculation of the EFMs, each EFM vector is multiplied by the sub-
matrix component of the full stoichiometric matrix containing only the rows relative
to the external metabolites, thus returning the vectors of net conversions. These are
scanned and only unique conversions are maintained. All the results are kept in disk
in order to ease the memory burden of some EFM computations. The EFMs are kept
in one file, the net conversions in another and a lookup table is generated, in a third
file, to correlate between them.
Furthermore, for each net conversion, the greatest common divisor is calculated
to improve the reading of the conversion equation. To do so, all the coefficients have
to be integers and therefore the EFM calculation is limited to using big integer arith-
metics. In the filtering step, the software filters EFMs based on the presence/absence
of external metabolites in the net conversions. Moreover, it can also order by yield,
providing an input and output metabolite is provided for the computation. When
the filters have been defined, the software scans the definition files for compatible
conversions and their related EFMs.
The user can browse through the filtered conversions in an intuitive table that
presents the conversion equation and yields and provides access to the related EFMs.
The visualization of these EFMs is presented in a column-wise table, where each
column corresponds to an EFM and each line to a reaction of the model.
Moreover, the user can export the EFM values to CellDesigner, if a valid CellDe-
signer SBML file had been previously loaded. The values for each reaction in the
mode vector are represented by the thickness of the lines in the CellDesigner layout.
This thickness varies between a user-defined range and it is relative to the value.
4 Case Study
We present the plugin capabilities, following a simple example from [13]. This net-
work is presented in Figure 1. This example is provided in the project homepage
(www.optflux.org) as a CellDesigner SBML file.
In order to compute the EFMs for this network, the following steps were required:
1. Load the file Stelling_toy.xml using the New Project Wizard. Select SBML,
CellDesigner SBML and default options until the end of the wizard;
2. To execute the EFMs computation, access Plugins → Elementary Modes →
Compute Elementary Modes and use all the default options. This computation
is instantaneous in any regular PC;
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3. Clicking the new datatype placed on the clipboard will launch a generic viewer.
Press Proceed to filtering and a filtering dialog will appear. In this dialog we
selected every filter as Don’t Care and the yield as A_ext → P_ext.
4. A FilteredEFMResults instance will be placed on the clipboard. Clicking it will
launch the viewer (Figure 2).
Fig. 2 Screenshot of the Filtered Results Viewer. A total of 5 unique conversions were discov-
ered by the algorithm. These are listed together with the conversion equation and respective
yields. BCY = Biomass/product Coupled Yield; SPY = Substrate to Product Yield; SBY =
Substrate to Biomass Yield
The computation resulted in a total of 8 EFMs and 5 unique net conversions. The
EFMs were exported to CellDesigner and the results were compared and validated
with the ones obtained in [13]. A graphical representation of the layout in CellDe-
signer is presented in Figure 3.
5 Conclusion
Despite several incursions regarding the computation of EFMs, no real efforts have
been made to ease analysis of the results. The proposed plug-in provides a seamless
integration with the OptFlux ME workbench, thus providing a rational interface
and smart filters to analyze the large number of EFMs that usually generated in
such analysis approaches. There is, however, still much space for improvement,
namely regarding the arithmetics allowed by the platform. The limitation to integers,
though consistent with the display mode, is nevertheless, a limitation. Other ways
of filtering and sorting the calculated EFMs are also currently under development.
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Fig. 3 Graphical representation of the EMs associated with each unique net conversion.
The numbers are the Conversion IDs depicted in Figure 2. The conversions are the follow-
ing: 0 :A_ext → P_ext, 1 :A_ext → B_ext, 2 :2A_ext → P_ext + E_ext , 3 :B_ext + A_ext →
P_ext +E_ext, 4 :B_ext → P_ext
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